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Introduction
The purpose of this paper is to investigate the link between sectoral concentration in the search for innovations and export booms and overall performance in these search processes at the country level. In order to inform the modeling of these search processes as well as the debate as to whether national innovation policies should be focused on certain sectors or diversified, we ask the question: Do countries that are high performers in these search processes specialize in a narrow range of sectors, or are their successes spread across a wide range of industries?
Previous research has focused on cross-country patterns and trends in the concentration of patenting activity of OECD countries. We expand this country coverage from the OECD to a much larger worldwide dataset, and extend the focus from only technologically complex on-the-frontier innovation to also include inside-the-frontier innovation (the emergence of new industries, or discoveries) and product-level export booms. All of these forms of innovation are important for growth, involve search across a wide array of potential sectors, and are frequently supported by government in some fashion. As such, this paper assesses the degree to which success in these search processes is focused or diversified in order to inform both public support strategies and modeling in theoretical work.
The question of whether innovation is persistent and concentrated in particular industries or distributed across a wider range of technologies arises from two very different characterizations of innovation. One view, attributed to Schumpeter 1934 and subsequently labeled the Mark I model, is a model that describes innovation as a stochastic process where relatively homogeneous firms fish for innovations in a pool of 2 technological opportunities available to all (Malerba and Orsenigo 1995) . According to this view, small entrepreneurs and new firms will succeed in their search for innovations largely through providence, creating temporary monopolies. There will be little persistence at the firm level, and diffuse patterns of innovation at the national level. The consequence of this model of innovation is that, given the stochastic nature of innovation, any public support should be spread as widely as possible across sectors to hedge the government's bets and generate the highest number of draws possible from the technological pool. Examples of models with this random draw feature include Nelson and Winter's (1982) model of innovation as independent technology draws and Eaton et. al.'s (1999) model of patent diffusion.
Another characterization of innovation (attributed to Schumpeter 1942, subsequently labeled the Mark II model) describes it as a cumulative, rather than stochastic, process. In this model of innovation as "creative accumulation", large heterogeneous firms fund R&D laboratories that build new innovations on past advances, using technology that is not commonly available or easily transferable (Malerba and Orsenigo 1995) . Under this model, innovation will be characterized by persistent success among a smaller number of established firms. At the national level, this cumulative feature would result in patterns of persistent specialization in certain sectors, and appropriate national policies would target those sectors that will fuel future innovation and growth, rather than wasting resources by spreading them across all sectors. An example of a model with cumulative technological progress is Nelson and Winter's (1982) evolutionary model with the distribution of innovative outcomes determined by past productivity and R&D spending.
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There has been significant empirical research examining the degree of support for each model. Malerba and Orsenigo (1995) find robust patterns across countries where some technologies (mechanical technologies and traditional sectors) exhibit Mark I characteristics, while others (chemicals and electronics) exhibit Mark II characteristics.
Not surprisingly, those sectors that exhibit hysteresis (Mark II-type sectors) lead to greater specialization at the national level (Malerba, Orsenigo, and Peretto 1997) . Other studies at the national level find that although larger countries tend to be less specialized than smaller ones, industrialized countries on the whole exhibit persistent specialization (Pavitt 1988 , Cantwell 1989 , Eaton et. al. 1999 , with specialization increasing over time Pianta 1992 and 1994) . This finding has been disputed by other research that has found no increasing trend of specialization in innovation at the national level, and little persistence across technologies within countries Mancusi (2001 Mancusi ( , 2003 .
These studies have characterized levels and trends of sectoral specialization at the national level given a particular level of innovative performance, but have not examined the relationship between concentration and performance. The superiority of a focused versus diversified innovation strategy would depend on weather or not specialization is associated with better overall performance in innovation.
Another limitation of these studies from the perspective of development is that they have only considered a particular subset of innovation. As defined in Nordhaus (1969) , innovation includes the introduction of products and processes that are new to the firm or country, even if not new to the world. Schumpeter's conception of innovation (1934) also was much broader than that typically considered, as it included the introduction of new goods and the opening of new markets. Unlike the more limited 4 focus of the empirical literature, the theoretical literature considers not only new-to-theworld technologies as innovation, but also the emergence of products that are simply new to a particular country's productive context. This type of innovation, which we will refer to as inside-the-frontier innovation, or discovery, has received increasing attention Lederman 2004, 2006; Hausmann and Rodrik 2003) , as for developing countries operating far inside the global technology frontier, it is much more relevant than on-the-frontier innovation.
When considering inside-the-frontier innovation, there is no reason to believe a priori that it is the result of cumulative learning or stochastic, especially relative to patentable on-the-frontier innovation. Some models of inside-the-frontier innovation, such as Hausmann and Rodrik 2003, treat productive success in a new product as a purely random draw, which would place it in the Mark I category of innovation. However, one could just as easily argue that unlike new-to-the-world technological development which involves a great deal of creativity and serendipity, inside-the-frontier innovation deals with products and technologies known in other countries, and success is based on knowable comparative advantage and factor endowments. According to this view of the world, inside-the-frontier innovations would be much more concentrated and exhibit the characteristics of Mark II-type innovation. Therefore, in addition to providing a perspective on the category of innovation more relevant to developing countries, the present study will indicate how the nature of innovation changes as one moves inside the technological frontier.
When one looks at export growth at the product level, the aggregate export growth rate masks a reality at the product level where few goods experience rapid 5 accelerations in exports and others lag behind. This is illustrated in Figure 1 , which shows a comparison between the deviation from radial growth (the growth rate of the basket as a whole) of individual products in the export basket 1 , and the radial growth rate.
If all exports grew at the rate of growth of aggregate exports, the value of this deviation would be zero. However, we see that not only is export growth in every country not radial, but those countries that have the fastest export growth overall also have the highest degree of divergence from radial growth at the product level. That is, export growth is characterized by a smaller number of export booms at the product level rather than broad-based radial growth.
Finding those products that will experience booms and fuel future growth is an uncertain search process, similar to the search for globally-novel inventions and the discovery of new products at the national level. Furthermore, this search process is often subsidized by governments through agencies to promote exports abroad, initiatives to facilitate and fund the creation of new clusters, and so on. Do successes in the search for export takeoffs exhibit the characteristics of Mark I innovation, resembling random stochastic draws, or are they cumulative and concentrated in particular successful sectors?
The rest of this paper is organized as follows. Section 2 discusses our estimation strategy designed to determine the extent to which either portfolio diversification or path dependence affect the frequency of on-and inside-the frontier innovations and export
, where x ij are exports of good i (of which there are n) in period j (0=1995, 1=2002), X j are total country exports in period j, and g is the compounded annual growth rate of the country's export basket as a whole. This measure increases from 0 as individual product growth rates deviate from the basket's growth rate. This metric comes from work with Ricardo Hausmann. 6 booms. This section also discusses related literature and data issues. Section 3 presents the econometric results. Section 4 provides results that test the robustness of the previous results through specifications that expand the basic model and control for effectivepopulation scale effects, where effective scale is measured by the number of educated people or non-poor people with the ability to innovate or come up with new commercial ideas. These models thus provide an empirical link between social inequality and poverty and innovation and export booms. Section 5 concludes.
Methodology, Related Literature, and Data Issues
Our empirical approach is to estimate the following general econometric model for all three search processes:
where the subscript c represents countries, i represents industries, and t is a time period.
Because the performance measures are integers with a non-negligible frequency of zeros, we use the log-linear formulation estimated by the negative binomial regression. In general, this is the estimation approach used in the vast literature examining counts of patenting activity (e.g., Hausmann et al. 1984; Blundell et al 2000; Blundell et al. 2002; Bosch, Lederman, and Maloney 2005) , as well as in emerging empirical literature on the determinants of the frequency of export discoveries Lederman 2004, 2006) .
In all of our models we control for time-invariant unobserved heterogeneity across country-industries, which is represented in equation (1) innovation counts are used to control for time-invariant characteristics that can affect the frequency of innovation. In the case of our models explaining the variance in patenting activity across country-industries, where we utilize more than one time period, we also control for time effects and for dynamic effects through the inclusion of the lagged dependent variable. Unfortunately, as discussed by Blundell et al. (2002) , in the PSM estimator, the historical patent counts used to control for time-invariant characteristics tends to absorb some of the persistence that would be captured by the lagged dependent variable. This is an important feature of these models for inferring the extent to which there is cumulative learning in the search process, because the historical performance measures can be thus interpreted as a measure of persistence, as well as of the presence of fixed effects, which would nevertheless produce persistence in the performance measures. Consequently for inference, we interpret the magnitudes and significance of the PSM's historical performance variables as evidence of cumulative learning.
Our measure of concentration is the Gini coefficient of the Technological Revealed Comparative Advantage (TRCA) index. This measure of concentration has been used in research examining patterns of specialization in patenting (Mancusi 2001 , Amiti 1999 . While the Gini coefficient traditionally compares a realized distribution to a theoretical uniform distribution, the Gini coefficient of the TRCA compares a country's distribution (in our case across industries and commodity groups) to the global 8 distribution across those sectors. This modification is necessary because unlike the Gini coefficient for income, for example, where the benchmark is a completely uniform distribution of wealth, there is no reason to assume that the global distribution of patents is uniform across industries.
The concentration measure is calculated as follows. First the TRCA index constructed using counts of patents/discoveries/booms C for country i in industry j:
The numerator is the ratio of country counts in industry j to country counts in all industries. The denominator is the equivalent at the global level: worldwide counts in industry j to worldwide counts in all industries. As in Mancusi (2001) , the Lorenz curves plot the cumulative numerator on the vertical axis against the cumulative denominator on the horizontal axis after ordering observations in ascending order by the value of the TRCA index. The Gini index is, as usual, twice the area between the 45-degree line and the Lorenz curve. If a particular country had counts of discoveries, patents, or booms spread across sectors in the same pattern as the worldwide distribution, the value of this index would be zero. However, as a country deviates from the global norm and concentrates in particular sectors, this value approaches 1. Therefore, finding a negative value for the coefficient on concentration in equation (1), γ, indicates that greater success occurs when specialization decreases, whereas a positive estimated value of γ suggests that success is associated with higher specialization.
A common control variable for the three types of search process investigated herein is the size of a country's population, which is used to capture scale effects 9 affecting the frequency of innovations across countries. That is, countries with larger populations are expected to have higher counts of innovations than smaller countries. The following paragraphs provide further details about the data sources and control variables for each of the three search processes.
On-the-Frontier Innovation
Our indicator of on-the-frontier innovation performance is patent grants by the U.S. Patent and Trademark Office (USPTO) collected by Lederman and Saenz (2005) . Because the incentive to patent an invention in the United States will largely depend on the importance of that export market to the particular country, we control for per-capita exports to the United States during the period. In addition, we control for investment in research and development (R&D) per capita which has been shown to be a highly significant determinant of patenting activity by firms as well as across countries (Hausmann et al. 1984; Lederman and Maloney 2003; Blundell et al 2000; Bosch et al. 2005 , among others), and population to capture the effects of scale. Distance to the global technological frontier is captured by controlling for GDP per capita in quadratic form, and period indicators are added to capture temporal trends. Finally, we control for the historical level of patenting activity to capture country fixed-effects in patenting, and the previous period's patenting activity to consider the path dependence that would be present if there were hysteresis in patenting. Using this lagged variable provides us with three periods per country in the sample.
Inside-the-Frontier Innovation
Performance in inside-the-frontier innovation is measured by discovery counts as described in Klinger and Lederman (2006) , available for a cross-section of countries during the period 1997-2002. The unit of observation is the Leamer (1984) commodity group in each country, and therefore the performance measure is discovery counts in the country/commodity cluster. Discovery counts are first aggregated to the SITC 3-digit level, and the Gini coefficient for each country/Leamer commodity cluster was calculated as described above across the SITC 3-digit clusters comprising the commodity group.
The controls comprising the X vector in this case follow from Klinger and Lederman (2006) . First, as above, we control for the historical level of discovery activity in the country/commodity group to control for country/commodity group fixed effects.
Unfortunately, discovery data is only available in a cross-section, rather than in multiple panels as is the case with our patent data. As such, we are unable to include a lagged variable that allows us to distinguish between fixed country effects and persistence that from path-dependent innovation. In the case of discoveries and export booms, both of these effects will be captured in the historical variable.
It is also necessary to control for GDP per capita (in quadratic form) to capture the discovery curve identified in Klinger and Lederman (2006) and capture distance to the global technological frontier. Finally, we include commodity cluster dummy variables to capture the differences between the 10 Leamer commodity clusters, and country population to account for scale.
Export Booms
Export booms are identified using the identical product-level export data used to identify discoveries. A product export boom is defined as a product experiencing at least 10% growth in at least 6 years between 1997 and 2003. There are 3782 product-level export booms identified in the data, listed by country in the Appendix. As with the discovery data, counts of these booms are aggregated to the SITC 3-digit level, and the Gini coefficient for the Leamer commodity cluster is calculated, providing our measure of concentration.
The control variables included in our examination of export booms are historical boom counts for the country/Leamer commodity group to capture country/commodity group fixed effects and persistence, GDP per capita (in quadratic form) to capture the possibility of more export accelerations in poorer countries due to convergence, population level to control for scale, and commodity cluster indicator variables.
Results
Figures 2, 3, and 4 show the relationship of performance, measured by total counts, to concentration 3 . Among all three search processes (on-the-frontier innovation, discoveries, and export booms), there is a clear negative correlation between concentration and performance. Table 1 shows the results of estimating equation (1) for each of the three search processes: on-the-frontier innovation, inside-the-frontier innovation, and export booms.
The coefficients on income are as expected. The discovery curve identified in Klinger and Lederman (2006) is maintained, as is the exponential relationship between level of development and on-the-frontier innovation found in Lederman and Maloney (2003) . The form of the quadratic relationship between GDP per capita and export booms is similar to the discovery curve, indicating that poorer countries have a higher frequency of such booms, which is consistent with the convergence hypothesis.
Scale effects captured by the number of people in the country that are potentially searching for new innovations and products is positive and significant for all three search processes. This is consistent with intuition: ceterius paribus, a larger country will have more potential innovators and entrepreneurs engaged in the search processes under consideration, and therefore are expected to have a higher number of successes.
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Our control for fixed effects, historical performance, is found to be positive and significant for both on-the-frontier and inside-the-frontier innovation, but not in the search for export booms. This suggests greater hysteresis, or path dependence, in innovation compared to export booms, or alternatively that time-invariant country and sector characteristics are not significant determinants of the frequency of export booms.
Finally, for on-the-frontier innovation, expenditure on R&D is found to be highly significant and positive, as are exports per capita to the United States, suggesting we are 13 properly controlling for the fact that on-the-frontier innovation data is limited to patents within the United States.
One surprising result shown in Table 1 is that export growth net of non-export GDP growth, which is meant to capture the relative profitability in searching for new exports, is insignificant. In Klinger and Lederman (2006) , this variable was found to be positively related to discovery, particularly as barriers to entry increase, suggesting that fears of imitation dull the incentives to experiment and retard discovery activity. In order to verify the robustness of this finding, we split the sample into low barrier and high barrier countries and find that returns do in fact have a positive relationship with discovery in high-barriers countries. Furthermore, the relationship between net export growth and discovery was the only relationship to be affected by differences in barriers to entry. The other variables shown in Table 1 did not significantly change when the sample was split according to the Klinger and Lederman (2006) barriers index, confirming the conclusions therein.
In addition, we extended the analysis of barriers to on-the-frontier innovation by examining the effects of the intellectual property rights (IPR) regime, taken from Park (2001), on the relationships of interest. As expected, the quality of the IPR regime enters the full estimation of patent performance as positive and significant. Furthermore, when the sample is split into the best and worst halves with respect to quality of the IPR regime, the elasiticty of R&D spending on patenting changes significantly, becoming much higher in countries with better IPR regimes. This conforms with intuition: just as discovery is higher in countries where innovators are able to appropriate the returns of their discovery, the value of the search for on-the-frontier innovations (measured by 14 R&D spending) is higher in environments where the returns from such innovations are protected in the domestic market.
After controlling for the necessary variables, we see a consistent negative relationship between concentration and overall innovative performance. When controlling for fixed effects via the historical performance variable, countries (in the case of patents) and country's commodity clusters (in the case of discoveries and booms) perform better in these search processes when patents, discoveries, and export booms are spread across a wider array of products within the broad Leamer sectors rather than concentrated in a few particular products within these broad industries. Performance in the search for export booms seems particularly closely linked to a diversified search, strengthening the finding with respect to hysteresis from the historical variable. Table 1 shows that scale is positively related to success in these three search processes, consistent with the idea that more potential innovators and entrepreneurs will result in higher observed cases of innovation and export booms. However, what is important should not be the absolute size of the population, but the size of the relevant population, namely those who are able to innovate by adapting existing products to the local productive environment or invent new products. All else equal, a country featuring high levels of inequality in income or education will have a smaller relevant population.
Robustness
One way to examine this relationship is to add to the vector of explanatory variables a measure of this relevance and to interact it with population levels. Table 2 shows the results for both types of innovation when we add either the poverty rate or the 15 percentage of the labor force with secondary education and interact it with population. In all four cases, we find that the data confirms the idea that it is the size of the relevant population that matters for innovation, and highly unequal distributions of income resulting in high poverty rates or low education coverage result in lower performance in these search processes. This finding does not, however, extend to the search for export booms, for which measures of poverty and their interaction with population are not significant.
Conclusions
According to our measure of concentration, the evidence clearly indicates that countries with the best performance in the search for on-the-frontier innovations, insidethe-frontier innovations, and export booms are also those with the lowest degree of specialization at the sector/industry level in such processes. This is particularly true of export booms, which also exhibit the least amount of hysteresis, suggesting that they are much less cumulative than the innovation processes. Comparing all three search processes to one another, on-the-frontier innovation proxied by patents seems to exhibit the weakest link between diversification and performance, but also a lower level of hysteresis than inside-the-frontier innovation.
These findings suggest that it may not be advisable for countries to "put all their eggs in one basket" when it comes to supporting these three search processes. Particularly in the search for export booms, those sectors with many successes yesterday need not have many successes today. Furthermore, sectoral concentration is closely linked with fewer booms and innovations at the national level. When modeling such processes, a 16 stochastic rather than cumulative flavor would be more in line with the experience of countries during the 1990s. Last but not least, national poverty and access to secondary education might be important determinants of innovation, both on-and inside-the global technological frontier. These relationships could thus also explain why poverty by itself might retard economic growth, namely by thwarting innovation.
Although our main empirical findings seem to be quite robust, no econometric approach is without faults. In our case, much research remains ahead to ascertain whether the diversification of innovation across industries causes greater overall innovation, much in the same way as diversified financial portfolios tend to generate higher returns. The evidence presented above suggests that this is a worthwhile research agenda, particularly because the partial correlations between innovation diversification and over innovation tend to be large and statistically significant. Source: Authors' calculations. Performance is log of average counts across observations (given the implicit log-linear specification of the negative binomial regressions presented below), concentration is the average Gini across observations, only observations included in estimation are shown. Source: Authors' calculations. Performance is log of discovery counts (given the implicit log-linear specification of the negative binomial regressions presented below), concentration is the Gini across Leamer commodity groups, only observations included in estimation are shown. Source: Authors' calculations. Performance is log of boom counts (given the implicit log-linear specification of the negative binomial regressions presented below), concentration is the Gini across Leamer commodity groups, only observations included in estimation are shown. Absolute value of z statistics in parentheses. Industry dummies (for booms & discoveries) and period dummies (for patents) omitted for brevity. Full estimation results can be found in the Appendix. * significant at 10%; ** at 5%; * at 1% Absolute value of z statistics in parentheses. Period dummies were also included for patent estimations (columns 3 and 4). Ln(historical performance) was not found to be significant for either (1) or (2) and did not affect the other coefficients so it was excluded to increase sample size. * significant at 10%; ** at 5%; *** at 1%. Notes: 
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